In this paper we exploit newly introduced implied volatility indexes to investigate the directional risk transfer from oil to US equities, Euro/Dollar exchange rates, precious metals and agricultural commodities. We find significant volatility transmission from oil to equities but little transmission to agricultural commodities. The total pairwise directional connectedness to equities is around 20.4%, while it is only 1.6%, 1.0% and 2.0% to wheat, corn, and soybeans respectively. The risk spillover from oil to precious metals and Euro/Dollar foreign exchange rates is moderate. For instance, the oil market uncertainty spills 11.0%, 11.1% and 8.9% to gold, silver and Euro/Dollar exchange rate respectively. The volatility crossover from all of these markets to oil is tiny, implying that oil is the main driver of its association with these markets. Finally, we provide evidence that the transmission from oil to other markets has increased since the collapse of oil prices in July 2014.
Introduction
Recently, a number of papers have studied the co-movement of oil with equities, agricultural commodities and precious metals. Prior studies provide evidence on the connectedness between oil and one or more markets. However, the bulk of these studies have so far focused on price connectedness. Little research has been dedicated to volatility association. Like prices, volatilities are important driving factors of options markets. This raises an interesting question: how are oil and other related markets associated in terms volatilities? The main aim of this paper is to provide an answer to such a question.
Most of the existing studies on oil connectedness have investigated the relation between the oil market and other markets on a one-to-one basis.
1 In contrast, this study looks into the oil association using all relevant markets. Specifically, we study the influence of oil on the US equity market, the Euro/Dollar exchange rate market, the gold market, the silver market, the wheat market, the corn market and the soybeans market.
One notable exception is Sari et al. (2010) who studied oil association with more than one market.
However, we take a more inclusive approach as we consider a broader set of markets in the analysis.
Our choice of markets represents a universe of financial assets that cover a wide range of investment strategies. The cash and derivative markets associated with these assets are global, large and liquid and therefore the risk transfer between oil and these markets is an important piece of information for investors.
Many hedge funds have their strategies and asset classes defined within the context of these markets. For instance, global macro funds take opportunities in cash and derivatives markets that include equities, currencies and commodities. Similarly, managed futures funds invest in futures and options that are written on the commodities traded in these markets. The exposure to these markets is usually assumed indirectly through derivatives and hence, the study of risk connectedness between oil and other commodity markets is important to understand diversification in derivatives portfolios that contain commodities, foreign exchange and equity options.
The weak association between oil, commodities and equities has been challenged by recent research (Zhang et al., 2010; Alom et al., 2011; Chang and Su, 2010; Du et al., 2011, Harry and Hudson, 2009 ). These studies show that shocks in the oil market are transmitted to other markets through the rebalancing activities in the paper commodity markets. Hence, an interesting question is whether commodities and equities are strongly or weakly associated in terms of volatility. This is important as most of commodity exposures in the paper markets are established by derivatives rather than through buying commodities outright in the cash market.
Our sample spans an interesting period. Since 2012 the shale oil production industry consolidated its position as a major player in the oil market. This period has also witnessed the collapse of cooperation among OPEC members, the slowdown of the biofuel industry, the start of the global recovery and the slowdown of China. These events provide a unique opportunity to study risk transfer among markets.
During this period, the oil and other markets have also witnessed a growing activity by speculators, arbitrageurs, and convergence traders. These traders are highly leveraged and their trading is occasionally based on sentiment and risk aversion and hence their presence has intensified co-volatility association across markets.
Most of the existing research on oil risk transfer employs statistical models to estimate volatilities that are poor approximations of true volatilities. An alternative to model-based statistical volatility is option price implied volatility. Implied volatility has been found to be more accurate than modelbased volatilities in predicting latent volatility (Christensen and Prabhala, 1998; Fleming, 1998; Jorion, 1995; Blair et al., 2000) . As connectedness is a function of volatility, an accurate measurement of this latter becomes essential for an accurate measurement of interdependence. Thus, the results provided by previous studies are potentially misleading. In this paper we avoid this potential pitfall and use implied rather than historical volatilities in estimating interdependence.
Using implied volatility in this context is important as they are derived from market option prices and, hence, represent the market consensus on the expected future uncertainty. The implied volatility indexes are considered as gauges for fear and in that sense the inferred implied volatility connectedness reflects the fear connectedness that is expressed by traders and market participants. As a result, implied volatilities are a better means to capturing volatility crossovers that are related to market sentiment. They are also more suitable for capturing cross market fluctuations that are related to portfolio rebalancing and speculative activities that have increased recently in the paper commodity markets.
2
This paper employs a set of connectedness measures proposed by Diebold and Yilmaz (2016) .
3
These measures are dynamic and directional, which makes it is possible to determine the relative importance of markets in the information transmission across time. To our knowledge, we are the first to apply the Diebold-Yilmaz methodology on a large set of financial markets.
2 For more information on this structural change and its impact on markets linkages see (Kyle and Xiong, 2001; Kodres and Pritsker, 2002; Boner et al., 2006; Pavlova and Rigobon, 2008; Danielsson et al, 2011; and Büyükşahin and Robe, 2014) . 3 These measures are developed by Diebold and Yilmaz in a series of papers (Diebold and Yilmaz, 2009; Diebold and Yilmaz, 2012; Diebold and Yilmaz 2014) and then unified in Yilmaz (2015, 2016) .
The results of our analysis show that the oil market is a dominant source of transmission and risk transfer to equities, the Euro/Dollar exchange rate, precious metals and agricultural commodities.
This highlights the important contribution of the oil market in the cross-market association relative to commodities. Relative to oil, volatility transmission is highest with equities and lowest with agricultural products. The pairwise directional connectedness observed from oil to equities is around 20.4%, while it is 1.6%, 1.0% and 2.0% to wheat, corn and soybeans respectively. We further find that directional linkages from oil to gold and silver are significantly higher than agricultural commodities, but still much lower than equities. The pairwise directional connectedness from oil to gold and silver is around 11.0% for both precious metals. Finally, the risk transfer from oil to the Euro/Dollar exchange rate is slightly lower, with a pairwise directional connectedness of around 8.9%.
The dynamic analysis shows that there was an increase in total and directional connectedness from oil to other markets between July 2014 and March 2015. This period saw an increased uncertainty about the future of crude oil due to excess supply, shale production and weak global economies. The barrel of oil which traded above $100 around the end of July 2014 collapsed to $44
by March 2015. The uncertainty regarding the future price of crude oil was translated into increased risk transfers from oil to other markets. In the analysis of the total pairwise connectedness we found increased transmissions to equities, gold, silver and wheat.
The rest of the paper is organized as follows. The next section includes a brief review of the related literature. In section 3 we describe the methodology used to construct the implied volatility indexes and we provide some preliminary statistics of the sample. Section 4 summarizes the directional connectedness measures proposed by Yilmaz (2015, 2016) . In Section 5 we perform a full sample analysis in which we characterize the connectedness among oil and other markets' volatilities. We also perform a rolling sample analysis to check the dynamics of connectedness across time. Robustness checks are offered in section 6. In this section we present results from two different measures of volatility. The final section 7 contains some concluding remarks.
Literature review
The literature on the association of oil with other commodities is vast. 4 One of the earliest works is Pindyck and Rotemberg (1990) who find excess co-movement between unrelated commodities such as cocoa and crude oil. They attributed their results to the herding behavior in commodity markets. However, these initial results did not find much support by later studies, such as Palaskas and Varangis (1991), Deb et al. (1996) and Cashin et al. (1999) , recording weak excess comovement in commodity markets.
More recently the results of Pindyck and Rotemberg found some support from Baffes (2007) and Reboredo (2013) . Baffes (2007) finds that oil price increases passes through to other commodities particularly to gold and silver. These strong responses of precious metals are attributed to the use of oil in the production of both gold and silver. Reboredo (2013) finds significant dependence between gold and oil. Nevertheless, he indicates that the tail dependence is weak and that gold volatility is not weakly linked to oil volatility in extreme market conditions and hence, gold can be used as a safe haven to hedge oil in stressful markets.
The surge in oil and grains prices in the last decade has motivated many studies to focus on the co-movement of crude oil and agricultural commodities. A number of studies blame increasing food prices in the last decade on the rise of biofuel market and high oil prices (see, for example, Abott et al., 2008; Baffes, 2007; Chang and Su, 2010; Collins, 2008; Mitchell, 2008; Rosegrant et al., 2008; and Yang et al., 2008 Some studies have attributed the increase in co-movement between commodities and oil to the emergence of paper commodity markets, which has allowed equity portfolio managers to invest in oil and agricultural commodities for diversification and hedging purposes. For instance, Baffes and Hanniotis (2010) find that the role of biofuel in establishing the links between oil and agricultural commodities is much smaller than what is indicated by previous studies. Their results points to the role of speculative activities of index commodity funds in the commodity paper market. Similar results on the weak association especially in the long run have been reported by Sari et al. (2012) .
Most globally traded commodities, such as oil and gold, are denominated in US dollar. A rise in the value of the dollar can increase the price of these commodities in domestic currencies and, hence, demand can fall. It is thus possible that the value of the dollar may also drive both oil and the other commodities simultaneously. Following this line of enquiry, Sari et al., (2010) looked into the dynamics of oil, precious metals and Euro/Dollar exchange rate. They found little evidence of long run equilibrium relation between exchange rates and oil. Moreover, oil is found to be uninformative of foreign exchange movements in the short run. In contrast, metals are found to provide useful information on exchange rate changes.
[INSERT Fleming, 1998; and Simon, 2002) . Currently many practitioners and academics prefer computing implied volatilities from options based on the concept of fair value of future volatility. 6 Following this concept the CBOE directly computes the VIX indexes from the market prices of out-of-the-money calls and puts and without the use of any pricing models. The indexes are calculated using the following formula:
where is defined as the VIX/100 and hence, the VIX = × 100, is the time to maturity of the set of options, is the forward price level derived from the lowest call-put option premium difference, R is the risk free interest rate, ∆ = +1 − −1 2 is a measure of the average interval of the two strike prices adjacent to the strike price of option , 0 is the first strike price below the forward price 6 The concept of fair value was first developed by Demeterfi et al. (1999) .
level . Finally ( ) denotes the option premium computed as the mid-point of the bid ask spread of each option with strike .
The inclusion criteria into these indexes is designed such that it includes all out of the money puts and calls that are centered around an at the money strike, 0 . However, if there are no bids for an out of the money option at a certain strike, then this option and all other options at higher (or lower in the case of puts) strikes are excluded from the computation of the index. Note that in high volatility markets demand for out of the money options is strong and more options are included in the construction of the index.
Each option entering the VIX computation is given a weight proportional to its premium and to the average distance of the strike of option with adjacent strikes that have non-zero bids. The option weight is also inversely proportional to the square of the option's strike.
To construct the index, the CBOE computes implied volatility using equation (1) is the most important distinguishing feature of the index. These implied volatility indexes have been shown to be more informative than historical volatility in volatility measurement and prediction. 
Preliminary statistics
Our data consists of implied-volatility indexes of crude oil, US equity, Euro/Dollar exchange rate and five commodities. The connectedness with precious metals is inferred by combining the implied volatility indexes of gold and silver. The association with agricultural products is based on the implied volatility indexes of wheat, corn and soybeans.
The indexes for silver, wheat, corn, and soybeans are calculated from the mid-2012. Our sample is therefore restricted to the period between the 27th of July 2012 and the 3rd of June 2015 for a total of 744 observations. This limitation is dictated by the availability of the data on the VIX series. All indexes are obtained from Datastream.
Panel A and Panel B of Figure 1 plot the time series of the levels and the log differences of the implied volatility indexes respectively. The figure shows that the crude oil and the Euro/Dollar implied volatilities share similar patterns. The big jump in oil volatility after July 2014 is matched by increases in the volatility of the Euro/Dollar, equity, gold and silver. 9 No similar increase in the volatility of agricultural products was observed during the same period. Despite the common trends shared by agricultural products, the volatilities of these products seem to be less integrated with oil volatility over the sample period.
[INSERT FIGURE 1]
To compare the statistical properties of the crude oil implied volatility index with other indexes, we compute a variety of summary statistics. Table 2 , Panels A and B report summary statistics for level and log level changes in implied volatility indexes. Panel A displays the mean, standard error, minimum, maximum, skewness, and excess kurtosis. It also shows the Jarque-Bera statistic which tests the null hypothesis that implied volatility is normally distributed. The mean level of the indexes in the table shows that the least volatile market is the Euro/Dollar followed by the US equity market.
As can be seen, crude oil is slightly more volatile than equities and other commodities.
Panel A of Table 2 also shows that none of the implied volatility series are normally distributed.
Their empirical distribution is characterized by positive skewness and slight excess kurtosis, and hence the null hypothesis of normality is rejected by the Jarque-Bera statistic for all indexes. The
Ljung-Box statistic shows significant serial correlation for all indexes.
The unit root tests for the indexes are reported in the last two rows of Panel A, Table 2 . These are based on two specifications of the implied volatility process and a standard Augmented Dickey
Fuller (ADF) test. The tests show that the implied volatilities of all commodities except oil are stationary at conventional levels. The US equities are found also to be covariance stationary but the test fails to reject the null of unit root in the Euro/Dollar implied volatility.
Panel B of Table 2 reports the same summary statistics for the log differences in implied volatility indexes. As can be seen in the ADF tests the log changes of implied volatility are all covariance stationary at conventional levels.
[INSERT TABLE 2]
To get an idea on how volatility pricing options are related in the various markets, we compute the correlation matrix of implied volatilities in To get more insights on the correlation structure of various markets we compute dynamic conditional correlations between the oil and other markets across time.
11 Figure 2 plots the dynamic conditional correlations of oil volatility with the implied volatility of each of the markets in the sample. As can be seen in the figure apart from the trio of oil, Euro/Dollar and US equities, the remaining conditional correlations are weak and are less than 0.35. This suggests that there are higher likelihoods of risk transfer between oil, exchange rates and equities, but lower risk of risk transfer with the rest of commodities. Therefore, it is expected that there is substantial diversification benefits from adding commodities to an option portfolio that contain US equities and oil. Given that the commodities themselves are also weakly correlated, the benefits of diversification are expected to be even greater.
[INSERT TABLE 3]
The figure also shows low conditional correlations between oil and agricultural commodities across time. The correlation with wheat, corn and soybeans is weak and hovers around 0.1. There are cases where the correlation is even negative, as is the case with soybeans and corn in July 2013 and with wheat in April 2014.
The correlation of oil with precious metals is relatively higher and fluctuates around 0.3 for both gold and silver. There are spikes in correlations with the two metals in March and June 2013, reaching around 0.6. The correlation is around 0.28 with US equities, and around 0.25 with the Euro/Dollar exchange rate.
10 Naturally correlations are higher within group. For instance, the correlation between gold and silver is 0.9, and 0.74 between corn and soybeans. 11 The conditional correlations are computed following Engle (2002) . We assume that the underlying volatility follows a GARCH process. 12 The exception is gold and silver where the correlation between the two is high.
Finally, the figure shows that the pattern of correlations is different across the markets. There are similar patterns in the correlations of oil with gold and silver and also oil with corn and wheat.
However, the pairwise pattern of correlation is different and oil is associated differently with each market and across time.
[INSERT FIGURE 2]
Empirical method
Our methodology is based on the directional connectedness measures of Diebold and Yilmaz (2012 , and 2016 . 13 The basic ingredient of these measures is the variance decomposition of forecast errors of -variable (market) vector autoregression model (VAR). For instance, the total risk transmission in the system of markets is computed by adding the shares of forecast error variance of all markets that are coming from shocks to other markets. Hence, for each asset we simply add the shares of its forecast error variance coming from shocks to asset , for all ≠ , and then we add across all markets = 1, … … . , .
More formally, assume that the first difference of log implied volatility, is modeled as a vector autoregressive process, ( ) that can be written as
where is a × matrix of parameters to be estimated. Also assume that the vector of error terms is independently and identically distributed with zero mean, and ∑ covariance matrix. If the system above is covariance stationary, then there exists a moving average representation that is given
,where the × coefficient matrices obey a recursion of the form = 1 −1 + 2 −2 + ⋯ + − with 0 is the × identity matrix and = 0 for > 0.
The moving average coefficients are important in understanding the dynamics, while the variance decompositions are computed by transforming the coefficients in the moving average representation above. The variance decompositions (or impulse responses) allow us to split the H-step ahead forecast error of each variable into parts that can be attributable to the various market shocks. The aggregation of these decompositions will be subsequently used to compute the directional connectedness from a particular market to any or to all of the included markets.
The variance decompositions computation is usually done by using orthogonal VAR shocks. The
Cholesky identification scheme achieves orthogonality but the computed variance decompositions are then unstable and they are dependent on the ordering of the markets. 15 Thus, Cholesky decomposition is not suitable. A framework that produces invariant decompositions is the generalized VAR that allows for correlated shocks but accounts for them appropriately. The framework, which we denote KPPS, has been first proposed by Koop et al. (1996) and Pesaran and Shin (1998) . The KPPS forecast error variance decomposition (H step ahead) is computed as
where ∑ is the variance matrix of the vector of errors ε, and σ is the standard deviation of the error term of the ℎ market. Finally, is a selection vector with one on the ℎ element, and zero otherwise. In order to get a unit sum of each row of the variance decomposition, we normalize each entry of the matrix by the row sum as
Note that the sum of decompositions across any particular market and across all markets is
and ∑̃( ) = =1 respectively. Therefore, ̃( ) can be seen as a natural measure of the pairwise directional connectedness from market to market at horizon . To make (4) more intuitive, we use the notation ← ( ) to represent this transmission. In the same way, we might also compute the pairwise directional connectedness in the opposite direction as ← ( ). The two statistics allows us to compute the net pairwise directional connectedness as
This is an interesting statistic as it identifies the market that is playing the dominant role in the information transmissions between the two markets.
In order to find how all markets are jointly contributing to a single market, we aggregate partially.
The total directional connectedness from all markets to market is denoted ←∎ ( ) and is computed as
Using the same logic we are also able to compute how a particular market is contributing to the shocks of all other markets by aggregating partially. The total directional connectedness from market to all markets is denoted as ∎← ( ) and it can be computed as
This is also an informative connectedness measure. Together with the previous statistic it may define the role of the market in the whole system of markets as a net giver or receiver of shocks. In particular we are occasionally interested in computing the net total directional connectedness which can be calculated as
The total aggregation of the variance decompositions across all markets measures the system-wide connectedness. The total connectedness in all markets can be computed as
This is simply the ratio of the sum of all off diagonal elements in the variance decomposition matrix of all markets to the sum of all elements (off diagonal and own shocks). It measures the total information flow among all markets under consideration.
Empirical results

Static volatility connectedness analysis
The matrix presented in Table 4 reports the full sample cross market connectedness of the first difference of implied volatilities. 17 The diagonal elements of the matrix represents the own market connectedness and are not particulary interesting in our context. The off diagonal elements (i.e. ← ( )) of the matrix measure the pairwise volatility directional connections. These are particularly important for our study.
As can be seen in the table, the highest oil volatility pairwise connectedness measure observed is from oil to US equities of a round 20.4% (first column, second row). In return, the pairwise connectedness from equities to oil is almost nil (first row, second column). The difference between the two pairwise directional measures implies that the net pairwise connectedness is from oil implied volatility to the implied volatility of the US equities. Similarly, the pairwise directional volatility connectedness from oil to the Euro/Dollar exchange rate is 8.9%, while it is nil in the opposite direction. Thus, we may conclude that the linkages of oil with either US equities or the Euro/Dollar exchange rate is governed more by information transmissions to these markets from the oil market.
18
There are many theoretical channels of information transmissions from oil volatility to equity volatility. For instance, high volatility in the oil market can be translated into higher earnings volatility in oil and oil related companies. Oil price volatility may create comparable uncertainties regarding business cost, disposable income and consumer spending on energy using durable goods.
Volatile oil markets may also convey information on future global economic uncertainty and hence, can influence global equity markets volatilities. Therefore, we expect high transmissions from oil volatility to equity volatility.
The pairwise directional conectedness observed with commodities is relatively lower compared to either equities or to the Euro/Dollar exchange rate. It is highest with precious metals and miniscule with agricultural commodities. The connectedness from oil to gold and silver is identical, at around 11.0%. However, it is only 1.6%, 1.0%, and 2.0% to wheat, corn and soybeans respectively. The connectedness in the opposite direction from each commodity to oil is negligible and can be ignored.
Therefore, we may conclude that there exists some risk transfer from the oil market to the gold and silver markets but not to wheat, corn and soybeans markets.
The oil and precious metals volatilities are connected through various channels. For instance, oil volatility increases inflation uncertainty. To hedge against potential price increases portfolio managers may allocate more funds to precious metals such as gold and silver, therefore increasing 18 The US dollar volatility causes volatility in the revenues of oil producing countries. Thus, the links between Oil and the Euro/Dollar exchange rate may also be established through hedging the value of the dollar by these countries.
their volatility (see, for example, Jaffe, 1989; Hooker, 2002; and Hunt, 2006) . 19 Unlike wheat, corn and soybeans, precious metals are storable and correlated with inflation. Hence they are considered to be better inflation hedges by portfolio managers when the oil market is volatile and inflation expectations are uncertain. 20 Furthermore, high oil prices may threaten economic growth and raise the risk of equities, and hence investors may turn to gold and other precious metals for protection (Reboredo, 2010; Baur and McDermott, 2010; and Baur and Lucey, 2010) . These mechanisms support the argument that volatility connectedness between oil and precious metals is established by the information transmissions from the oil market and not the other way round.
21
Like other commodities, wheat, corn and soybeans should also be affected by the fluctuations in the oil market. The risk transfer mechanism with the oil market is expected to be significant with the recent rise of technologies that produce fuel from agricultural commodities (biofuel). For instance, the bioethanol fuel which is produced from corn (or wheat) and the biodiesel fuel which is produced from soybeans are good substitutes for traditional diesel and gasoline (Chang and Su, 2010) .
Therefore, crude oil, corn, wheat and soybeans markets are found to be more integrated with oil by many researchers.
22
However, in our sample we find that risk transfer between oil and corn, wheat, and soybeans is weak. The strong volatility linkages between oil and agricultural commodities that were reported by many researchers after the rise of the bio-fuel industry in 2005 cannot be confirmed by our sample.
Chang and Su (2010), Zhang et al. (2010) , Alom (2011), and Du et al. (2011) reported significant 19 The relationship between gold and inflation has been widely studied in the literature (Chua and Woodward, 1982; Ghosh et al., 2004; Worthington and Pahlavani, 2007; Tully and Lucy, 2007; Blose, 2010) . 20 Silver is also an industrial metal and is similar to oil in that it is related to economic activity. 21 The connectedness between oil and precious metals returns can be established by many factors. For instance, when the dollar depreciates in value the price of oil increases, and meanwhile invetsors switch to precious metals for protection and thus pushing up their prices (Capie et al., 2005; Joy, 2011) . Similarly, with the increase in oil prices and oil revenues, oil exporting countries increase their demand for gold to maintain the gold share in their international reserves portfolios and this also increases the price of gold (Melvin and Sultan, 1990) . 22 Substantial linkages between oil and agricultural commodities are found in many studies (Due et al, 2011; Tyner, 2008; Mitchell, 2008; Yang et al., 2008) .
volatility linkages between oil and agricultural commodities. Nevertheless, our results are consistent with the findings of Gilbert (2010) who shows weak linkages between oil and food.
The evidence that we provide is derived from a more recent sample starting in 2012, eight years after the rise of the bio-fuel industry. The changing fundamentals of energy markets since then may have severely affected production in the biofuel industry and consequently reduced the risk transfer between oil and agricultural commodities.
23
In the system of markets that we have, oil, gold and wheat are found to be net contributors to all others. The total directional net connectedness of oil, gold and wheat with all other markets is 55%, 41% and 31% respectively . Finally, the total connectedness of implied volatilities that is reported in the lower right corner of Table 3 is 27.5%. Thus, around one quarter of the system shocks is due to shocks that emanate from other markets while three quarters are due to own shocks. This is relatively high compared to the total connectedness measures reported by Diebold and Yilmaz (2010) .
24
[INSERT TABLE 4]
Dynamic volatility connectedness analysis
Figure 3 plots the total volatility connectedness using 200 days rolling sample windows. The figure shows that the total connectedness of the markets is time varying over the sample period.
However, there is a big increase in total cross transmissions in July 2014, where the measure has increased from 40% to 60%. Later that year, connectedness reverted back to 40%, but increased again at the beginning of 2015 before reverting in March of the same year. This period is characterized by hightened market uncertainty regarding future prices of oil. This uncertainty was caused by the plentiful oil supplies due to shale production and to the excess supplies by oil producers who were trying to maintain their market shares amid a weakening demand following the 23 The sharp drop in oil prices in 2014-2015 has led to a severe slowdown of the biofuel industry. 24 Note also that the connectedness is strong within commodity groups and weak across groups. For instance gold and silver are very well connected compared to each with other commodities.
financial crisis and the slow down of the global economy. As a result, the price of crude oil fell by a 
[INSERT FIGURE 4]
Figure 5 plots the net pairwise directional dynamic connectedness of oil volatility with the volatility of each of the markets over the sample period. The net pairwise connectedness with equities indicate that the oil market is consistently a net giver to US equities. A similar pattern can be seen with gold, silver and other commodities. However, the net pairwise spillover with the Euro/Dollar rate is always alternating, with the oil market being a net reciever at some periods.
Finally in Figure 4 , we see an increase in transmissions from the oil market to US equities, gold, silver, wheat and corn that are parallel to the pattern of transmissions observed in the previous figures. Similar increased transmissions are noted in the Euro/Dollar and soybeans markets. Overall, the dynamic analysis results are consistent with the static connectedness matrix presented in Table 3 .
[INSERT FIGURE 5]
Alternative volatility measures
This section checks whether results in the previous section are robust to the choice of the volatility measure. To that end we use two alternative volatility measures that are widely used in the literature, namely squared returns and conditional-volatility from a GARCH model. Table 4 . The oil market is a net transmitter of volatility to all markets in the system. The pairwise conectedness of the oil market is highest with equities and lowest with agricultural commodities. There is some transmissions to precious metals and foreign exchange. The oil market spills 17.3% on equities and receives no transmissions in the opposite direction. The same 25 On using squared returns to measure volatility see Foster and Nelson (1996) and Triacca (2007) .
net pairwise pattern is observed with every other market in the system. The total directional connectedness from oil to the whole system is 137% while it is as little as 3% in the opposite direction. The total transmission in the whole system is around 27%. These results are in line with the results obtained from implied volatility measure.
It is well known that squared returns are noisy measure of volatility. Therefore, we use another measure of volatility by taking the fitted values of a GARCH model as a measure of the latent volatility. Specifically, we estimate an AR(1)-GARCH(1,1) model for each of the return series.
Panel B of Table 5 reports the results based on GARCH volatilities. As is clear from the table, there is little discernible change in the results. The GARCH volatilities of oil remain central to transmissions within the system. Oil remains the net giver of shocks to all markets with high transmission to equities, moderate transmission to precious metals and exchange rates, and low transmission to agricultural products.
[INSERT TABLE 5]
Conclusion
In this paper we contribute to the literature on the co-movement of oil and other markets by focusing on implied volatility linkages. We exploit the recently published implied volatility indexes by the CBOE to investigate risk transmissions between oil and US equities, the Euro/Dollar exchange rate, precious metals and agricultural commodities.
Our results indicate significant volatility transmission from the oil market to US equities, moderate transmission to the Euro/dollar exchange rate and precious metals, and low transmission to agricultural commodities. The information spillovers from all markets to the oil market are negligible. This leads us to conclude that in the risk association between oil and other markets, the oil market is dominant.
The total pairwise directional measures show that volatility transmission is highest with equities, followed by precious metals, then by the Euro/Dollar exchange rate. The lowest association was with agricultural products.
In comparison with the previous literature, we show that the strong integration between oil and food volatility which is observed with the big rise in energy prices and biofuel production after 2005 has disappeared. Moreover, our results indicate that transmissions between oil, precious metals and the Euro/Dollar exchange rate are dominated by shocks in the oil market.
These findings highlight the importance of oil in assessing the risk of other commodity investments. Similarly, they underline the importance of oil in formulating risk expectations regarding other markets. The risk transfer from oil to equities, precious metals and the Euro/Dollar exchange rates is significant, while the same risk transfer to agricultural commodities is negligible.
This indicates that forecasting the risk of equities, precious metals, and foreign exchange rates can be improved by accounting for oil volatility. In contrast, oil risk can be safely ignored in modelling and forecasting the expected volatility of agricultural commodities.
These results are also important for many groups of commodity investors who assume their exposures by forming derivatives portfolios in the commodity paper markets. These investors include commodity index funds, managed futures funds, global macro funds and other hedge funds who assume non-linear exposures that are volatility sensitive and option like. For instance, the weak linkage between oil and food implies great diversification benefits of including oil and agricultural commodity options in a derivative portfolio.
Moreover, as the association between oil and precious metals is not very strong they are also useful to be included with oil and agricultural commodities. The risk transfer among commodities is not substantial and this indicates that including commodity options with equity options is double diversifying due to the weak volatility linkages among themselves and to the weak linkages with the volatility of equities. Notes: The underlying variance decomposition is based on a daily VAR system with two lags. The ( , ) value is the estimated contribution to the variance of the 10 step ahead implied volatility forecast error of market coming from innovations to implied volatility of market . The decomposition is generalized, and thus it is robust to the ordering shown in the column heading. The last column (labeled 'Contribution from others') is equal to the row sum excluding the diagonal elements, and gives the total directional spillovers from all others to markets. The row at the bottom is (labeled 'Contributions to others') equal to the column sum excluding the diagonal elements, and reports the total directional spillover from market to others. Finally, The lower right corner is expressed in percentage points and reports the total volatility spillover index which equal to the grand off-diagonal column sum relative to the grand column sum including diagonals. Total spillover Index =25.1% Notes: Realized volatility is measured as square returns . The conditional volatility is estimated by the AR(1)-GARCH (1,1) model. The underlying variance decomposition is based on a daily VAR system with two lags. The ( , ) value is the estimated contribution to the variance of the 10 step ahead implied volatility forecast error of market coming from innovations to implied volatility of market . The decomposition is generalized, and thus it is robust to the ordering shown in the column heading. The last column (labeled 'Contribution from others') is equal to the row sum excluding the diagonal elements, and gives the total directional spillovers from all others to markets. The row at the bottom is (labeled 'Contributions to others') equal to the column sum excluding the diagonal elements, and reports the total directional spillover from market to others. Finally, The lower right corner is expressed in percentage points and reports the total volatility spillover index which equal to the grand off-diagonal column sum relative to the grand column sum including diagonals. Notes: This figure shows the directional of net spillovers from oil to each market over the sample period 27th July 2012 to 3rd June 2015 estimated with a rolling window of 200-day and predictive horizon for the underlying variance decomposition is 10-day. Positive (negative) values indicate that oil is a net transmitter (receiver) of shocks to the respective market.
